ABSTRACT Intensification of morphology of blocks, which are the basic units of urban form and land management, is the key to sustainable urban development. Taking 206 blocks of Nanjing's central city area as an example, an evaluation system featuring six output-oriented indicators and five input-oriented indicators was constructed for data envelopment analysis to measure the blocks' intensity level. Relatively intensive blocks were selected as training data, and the output-oriented indicators of non-intensive blocks were predicted by a deep learning model, completing the procedure from evaluation of intensity to optimisation of morphological indicators. Finally, using the difference calculation and Arctool of weighted overlay in ArcGIS, a reference for the optimisation design of urban block morphology was created.
I. INTRODUCTION
To boost economic growth, developing countries such as China have undergone rapid urbanisation and urban expansion in recent years. However, extensive development based on urban expansion not only causes a serious waste of land resources but also worsens urban problems such as traffic congestion, environmental pollution and the uneven distribution of public facilities [1] , [2] . Meanwhile, urban expansion results in slow or even stagnant long-term development of the original central urban area and low-efficiency development and utilisation of massive urban land space. Sensible urban renewal planning is urgently needed. To this end, the Chinese government has proposed that urban development should gradually shift from ''incremental development'' to ''stock optimisation'' to build intensive cities and improve the sustainability of future urban development and the level of smart city management. However, the government needs to provide sound evaluation tools and guideline documents for different
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scales of development to serve as a basis for decision-making and optimisation goals for land use management [3] , [4] .
All cities throughout history are based on the fundamental process of agglomeration, which leads to the 'urban land nexus' [5] . Urban land use has undergone profound changes in the urban economic rules and development needs. During these changes, the balance between the urban and natural environment faces great challenges, with much potential for negative effects on future sustainable development [6] . As a result, the relationship between urban land use and sustainable development has received increasing attention from scholars and research organisations [7] , [8] . Moreover, scientific studies of land use decision-making and management are conducted from various perspectives to make the planning of land use more efficient, thus decreasing the demand for new urban area expansion and protecting the environment [9] . The two most important perspectives are represented by studies on urban morphology and of the sustainable land use assessment system.
A better understanding of urban forms increases the availability of suitable measurements, models, and analysis, which aids effective predictions and decisions on urban land-use issues. As a relatively young field, the research of urban morphology makes this possible [10] , [11] .
Since the advent of geography's quantitative revolution during the 1950s, mathematics has proven to be an efficient framework to unify the neoclassical economic, urban and regional economic, and urban and economic geographic aspects of urban studies into a single scientific field [12] . This has greatly enhanced the comprehensibility of the urban form and spatial system. Several mathematics models have been proposed to convert the abstract geometry of urban forms to intuitive data, including space syntax, fractal dimension, cellular automata, and inverse power law [13] , [14] . It was thought that the quantitative models and calculated data derived from these mathematical models would promote the scientific nature of urban studies, and also be provided for evaluation of the sustainability of urban morphology and land use management.
Assessment is an effective tool for decision-making in pursuing and managing sustainable urban development [15] . A relevant, comprehensive, and easily used evaluation system not only clarifies pre-set development goals and guides urban development [16] , but also serves as a communication tool among policymakers, experts, and the public [17] . For this reason, many scholars have studied how to construct a sustainable assessment system for the management of the urban environment [18] , [19] . And a wide range of regional and community indexes have been built to address various evaluation objects and goals about urban land use related to the environment, economy, culture, transportation, and multiple other aspects [20] , [21] , [22] . In establishing these evaluation indexes, different traditional evaluation methods have also been applied, including the analytic hierarchy process, Delphi method, fuzzy evaluation. Meanwhile, predictive land-use change moels have also been widely used for policy purposes to quantify and optimise urban land change. The shortcomings of traditional prediction and optimisation models has led to a large increase in the use of digital technologies by scholars, including GIS and remote sensing [23] , artificial neural network [24] , [25] , cellular automata [26] , decisiontree [27] and other approaches [28] , [29] , which have been integrated to study and predict the level of urban land-use intensification. And based on the similarity relationship calculation between land attributes, Wang et al. put forward a model to make decisions for urban land intensive development [30] , [31] .
The above literature on the urban morphology and assessment system is comprehensive and impressive, but two caveats exist. The first is that most studies on establishing evaluation indices of sustainable land use are written from a macroscopic perspective, with mesoscopic and microscopic perspectives being relatively lacking. Second, although many sustainable land-use evaluation systems are proposed for policy and management use, there is a lack of systems that measure sustainability from an urban morphology perspective. For both reasons, the current assessment and methods are of limited use for guiding certain important aspects of block form land development and design.
Block form has always been a common concern of urban planning and architectural design. Different perspectives emphasise different block form elements. From the perspective of urban planning, blocks are often regarded as spatial units, and the overall urban spatial form is studied in terms of development capacity, density, height, and other indexes. From the perspective of architecture, blocks are regarded as space carriers in architectural design and have been studied in terms of urban space vitality from the perspective of urban streets and urban interfaces; the quantification and comparison of block form by fabric [32] , scale, diversity, complexity, and other indexes [33] , [34] ; the correlation of street network structure with block form [35] , [36] , and form parameters and their association with environmental climate [37] , [38] , [39] .
For urban renewal, as the urban macro-structure is essentially fixed, it is of more practical significance to study the intensive development of urban land from a microscopic perspective, with blocks as the research and operational objects. A city is composed of many blocks. Due to its intermediate spatial scale, the block form can be regarded both as a constituent element that builds the urban form jointly with urban streets and as an independent element that guides internal functional organisation and architectural layout. As the basic units of urban land management, urban planning and urban design, blocks have become a key issue for government departments' control of the urban form to balance the interests of multiple parties. Hence, how to control and guide the intensification of block form is of great significance for the sustainability of the overall spatial development of urban areas.
However, for the urbanisation problems faced by China and other developing countries, the most important issue in the evaluation of block form is the efficiency and rationality of land use. It is essential to establish scientifically sound urban renewal frameworks and guidelines in existing urban centres [40] to inform policy-makers of the current land-use status of each block, the development potential of each block, and how to optimally formulate the value of indices to realise intensive use of the non-intensive block, rather than basing land-use policy only on subjective experience. For these purposes, this study takes the urban centre of Nanjing, China as a study case, selecting 206 block samples as research objects and evaluation factors from the perspective of block development and utilisation, to establish a research method from intensive evaluation to form optimisation guidance combined with data envelopment analysis and deep learning, to provide a reference for the future renewal of block intensification (Fig. 1) .
II. METHODOLOGY A. DETERMINATION OF THE INDICATOR SYSTEM
An evaluation factor system was constructed based on elements of block morphology and the consideration of quantitative methods, which is the basic work for the intensive evaluation of block morphology. The block form includes three basic elements: street, plot and building [41] . In the paper, they are translated into three corresponding factor categories, namely accessibility indicators, plane form indicators and development form indicators.
1) ACCESSIBILITY INDICATORS
A street system constitutes the skeleton of urban space and is the main location of material flow and exchange in the city. The accessibility of a street system, which is the objective environment of urban blocks, largely determines its development conditions and potential. According to space syntax theory, accessibility is closely related to the topological structure of a street network. It is calculated by integration degree [42] , which also corresponds to the accessibility of each block. At the same time, as an important means of transportation in modern cities, the motor traffic capacity of streets is also an important evaluation factor from which to judge the accessibility of neighbourhoods. In addition to urban streets, urban public transport, especially rail transit, has gradually become an important travel tool and is thus another important factor in urban spatial organisation. The spatial distance between the block and rail transit has been considered an essential indicator of the accessibility of blocks.
Therefore, in this study, integration, motor traffic capacity and rail transit convenience were used as evaluation indicators to describe and measure the accessibility of blocks. It should be noted that because most blocks are enclosed by four streets, any street is different from each other. Hence, to fully illustrate the accessibility of a block, the maximum and minimum values of the streets around block were used as the evaluation indicators.
Integration:
, n is the number of points, and MDi is the average depth from the i-th point [43] .
Traffic volume:
where V 1 , V 2 , V 3 , V 4 is the traffic volume of each street around a block. Railway convenience:
where D is the distance between the nearest railway station and the centre of the block plane.
2) PLANE FORM INDICATORS
The form of the block plane is the initial condition for land use. In this study, it is divided into two categories: plane form and land use index. Compared with traditional urban districts, most modern urban blocks have a relatively large plane scale, which greatly reduces the density of urban streets, and adversely affects the efficiency of land development and humanised design. In this paper, the ratio of a block's perimeter to its area is used to measure the plane form of the block, which is recorded as the density of a street. This index not only reflects the planar scale of a block, but also shows the ability of the streets around the block to support land development, and the material exchange between the inside and outside of the block.
Street density:
SD = C A where C is the length of Perimeter of the block, A is the area of the block.
The basic land use index of the block includes floor area ratio, building density and interface form. The quantitative method for calculating interface form has been discussed. In discussions of urban street forms, it is not difficult to find that the quality of an urban interface has a great impact on the vitality of cities and streets. However, due to the constraints of history, development potential and other factors, there are great differences among the shape and quality of interfaces among different blocks in urban environments. Therefore, it is necessary to calculate their actual use efficiency by assigning them a corresponding weight by dividing the initial quality of urban interface into several levels. In this paper, three levels are used.
Floor area ratio:
where s i is the area of the i-th building, A is the area of the block.
Building density:
where b i is the area of first floor of the i-th building, A is the area of the block.
Interface efficiency:
where L 1 is the length of best quality interface, L 2 is the length of medium quality interface, L 3 is the length of lowest quality interface, C is the length of Perimeter of the block.
3) DEVELOPMENT INDICATORS
Based on the plane form indicators, development form indicators illustrate the details of land use that can directly affect the texture of a block. In recent research on urban design and land use, many experts and designers have reached a consensus that to achieve sustainable development it is desirable to encourage composite development and promote spatial vitality, rather than simplifying land use. For this reason, three indicators are used here as development indicators: diversity, function mix and population density.
a: DIVERSITY
Subdividing block land into several plots is an essential aspect of block morphology design, and also an important determinant of the diversity of block morphology. On the basis of block land division, several types of function can be incorporated into corresponding plots. Then, the proportion of area covered by different function types will constitute the diversity of block land development. In this study, diversity is calculated based on the Simpson index [34] :
where p i is the proportion of area covered by different function types
Unlike the calculation of land-use diversity, the calculation of function mix is based on the area of buildings with different functions in proportion to the total capacity. Shannon's entropy calculation is introduced to describe the mixing degree of block development by calculating the total entropy value of the block, translating the improvement of function mixing degree into the growth of block spatial information [44] . Note that different functions need to be given weights according to differences in the amount of information they contain:
where p i is the i-th proportion of building area of different functional types and λ i is the i-th weight according to different functional types.
c: POPULATION DENSITY
Population density is also an important factor when measuring the carrying capacity and spatial vitality of blocks. Population density is the number of people corresponding to the unit area of a given block. The total population of each block can be calculated according to the conversion ratio of unit area and population for buildings of different functional type in Chinese cities, and then the population density can be obtained by the ratio to block area.
where s i is the i-th building area of different functional types and d i is the number of people per 100 square meters of different functional types. A is the area of the block.
B. INTENSITY EVALUATION 1) BLOCK FORM AND INTENSIVE EVALUATION
'Intensity' is a relative concept to measure the efficiency between inputs and outputs. In terms of block form, the input VOLUME 7, 2019 FIGURE 2. Indicator system for intensive evaluation of block form using data envelopment analysis.
factors are the spatial conditions endowed by the city, which are often regarded as important factors determining the development potential of a block. The output factor corresponds to the spatial form of a block, which determines its utilisation efficiency, spatial vitality and texture characteristics. The differences in input factors determine the differential development of block morphology. Blocks with a relatively greater intensive level should make full use of the space conditions afforded by the city, to seek a space form that is suitable for their particular conditions. The evaluation of block form intensity should follow two principles: relativity and efficiency. The intensive level of block morphology is a relative value, in relation to samples with which it is compared. Therefore, in the evaluation process the selected comparative sample should include blocks that represent the level of urban development, to assess the intensity level of blocks from the perspective of the city as a whole. To more closely reflect the concept of 'intensity', whether in terms of the classification of evaluation factors or the selection of evaluation methods, the intensity level of block morphology should reflect the efficiency relationship between input factors and output factors.
2) DATA ENVELOPMENT ANALYSIS
Data envelopment analysis is a linear programming method to measure the efficiency of multiple decision-making units (DMUs) when the production process has multiple inputs and outputs [45] . In this study, each block is regarded as a DMU, and the intensity level of block form is regarded as the input and output productivity of each unit (Fig. 2) . For the data envelopment analysis, quantitative statistics of the morphological factors of each block are input into DEAP 2.1 to obtain the relative efficiency and thus intensity level of each block. Finally, according to the results of DEAP 2.1, the output factors of non-intensive blocks are compared with the current situation, to verify the rationality of the evaluation results.
C. OPTIMISATION OF FORM INDEX
In actual design work, determining block form can be regarded as a process of artificial learning. To formulate corresponding land-use indicators and guidelines or standards, designers are likely to use their subjective experience to choose blocks that have a reference value and will evaluate the difference between the reference case and the block to be developed to control and optimise the urban block form. However, the complexity of urban systems brings different objective conditions to each block, and even adjacent blocks may be very different. For this reason, the impact of these complexities and differences influences block form, and landuse indicators cannot be accurately determined through subjective experience alone. Therefore, this study attempts to imitate the artificial learning process through deep learning, to realise block form optimisation.
1) DEEP LEARNING
In recent years, artificial neural networks, especially deep learning, have been used to deal with and simulate complex problems in many fields. Deep learning has become an important way to realise artificial intelligence, such as language recognition and translation, image recognition and so on. Using a deep learning model, the structural information behind a large amount of data can be excavated to predict and optimise relevant data. This approach has become increasingly popular in urban geography research recently [46] . For a relatively intensive urban block, there should be good correspondence between input and output factors. The more the input factor, the more the output factor should be. The data relations that may be contained in inputs and outputs of the block can be studied via a deep learning method to achieve optimisation of non-intensive block morphology.
2) OPTIMISATION METHOD
This study developed a deep learning model using the Python language and applied the Tensorflow deep learning database by Google AI and the associated keras module to construct the model, and finally performed data calculations using Spyder 3.3.1 (Fig. 3) . The specific steps can be roughly divided into three parts.
(1) Sample data classification. The data for deep learning was divided into training samples and test samples, with training samples being used for training the learning model and test samples being the part to be predicted and optimised by the learning model. Currently, in practice and research guiding the land use and form design of urban blocks using a form reference approach, the reference learning samples are mainly selected based on human judgment. In this study, intensification level of blocks was calculated based on the data envelopment analysis described above. According to the calculation results, the block samples were divided into intensive blocks and non-intensive blocks, which were further divided into training data and prediction data to replace the manual selection steps, thereby reducing the uncertainty of the selection process.
(2) Networking. Python was used to write a networking program. First, the network structure was built, including the activation function, the number of hidden layers and nodes. Next, the optimisation function, loss function and judging criteria were selected. For the purpose of this study, Relu was used as the activation function, Adam (adaptive moment estimation) as the optimisation function, meansquare error (MSE) as the loss function, and mean absolute error (MAE) as the judging criteria.
(3) Data entry, test network adjustment and export of calculation results. Due to the dimensional difference among different indexes, simultaneous input of data with different magnitudes into the learning model will reduce the accuracy of the final result. Hence, the data should be normalised before input. In the calculation process, as the test accuracy will gradually decrease as network training time increases, the calculation time and error are combined to adjust the network training times for a specific calculation. In addition, due to certain prediction error in the deep learning itself, there is some discrepancy in the model calculation results each time. Hence, the final reference value will be determined according to the distribution characteristics of multiple calculation results.
III. STUDY AREA A. RESEARCH SAMPLE
Nanjing is one of the most important cities in China. It has a long history of urban development, and has been expanding rapidly with the fast urbanisation of the past 10 years. However, contrary to the overall expansion, the development of the original urban central area has been relatively slower, and the land-use efficiency of a large number of urban blocks is very poor, seriously restricting the sustainable development of the entire urban space. Based on the current situation of urban development in Nanjing, this paper takes the six business core areas as the centre, including one main business centre and five sub-business centres, to select a total of 206 representative and high-value blocks as research samples. Nearly all possible land-use functions are represented by the 206 research samples, including three types of residential land (with different living environments and density), business and office areas, business and retail areas, hotels, administrative offices, public medical facilities, educational facilities, and other municipal facilities, amongst others (Fig. 4) . The basic data of this case study come from land use maps and related statistical data provided by the Department of Land Planning and Management. Through intensive evaluation and deep learning, the intensification level and redevelopment potential of the sample blocks are explored, and optimisation suggestions for the morphological renewal of non-intensive blocks are proposed.
B. INDEX STATISTICS
To calculate the plot ratio, building density and interface length of each block, the information on land ownership, functional distribution, building density, architectural form and area of every plot were first extracted from drawings provided by the urban management department of Nanjing. Next, the index calculation method was used to derive statistics about the diversity, mixing degree and population density of each block. The current interface quality of each block was then classified to obtain the interface efficiency index information for each block. The linear distance from the centre of each block to the nearest rail transit station and the capacity of street motor traffic were then estimated from the city plan to calculate rail transit convenience and motor traffic convenience. Finally, by plotting an axis map of the downtown streets of Nanjing, the integration degree of each street was calculated using Depthmap 10, and the maximum and minimum accessibility of each block sample were estimated (Fig. 5) .
C. DATA ENVELOPMENT ANALYSIS
The statistics for the 206 blocks were divided into input and output indexes, which were input into DEAP 2.1 to conduct data envelopment calculations with the output as the orientation and CRS as the model. The data envelopment analysis showed that of the 206 block samples, only 57 blocks had a relative effective value of 1, i.e., relatively intensive utilization (Fig. 6) . To further verify the reliability of the calculation results, a second field survey was conducted on the blocks that failed to reach this intensification level in the data envelopment analysis. The calculation results were compared with the actual situation. According to the field verification, the 149 blocks that failed to reach the intensive utilisation level did have actual problems that caused an insufficiency in the corresponding indexes; the more serious the problem, the less ideal the calculation result.
D. DEEP LEARNING PREDICTION 1) CLASSIFICATION OF SAMPLE DATA
For deep learning, data must be divided into training samples and test samples. For the learning reference data for block form, blocks that have reached a given intensification level should be selected as the training samples, and non-intensive blocks that require improvement should be the test samples. However, the data envelopment analysis revealed that only 57 of the 206 block samples reached an appropriate intensification level, meaning that the index data of the remaining 149 blocks would be predicted by training the data samples of 57 blocks. In general, deep learning requires more training data to improve the performance of the algorithm. Hence, training with data from only 57 blocks may cause excessive prediction error, affecting the prediction of subsequent index data.
In the data envelopment analysis, form index optimisation was the only evaluation criterion, leading to a relatively low proportion of block samples reaching the intensification level. However, in the actual form design and management process, in addition to the form index, factors that determine the final form of blocks also include spatial comfort, aesthetics and other assessments based on subjective experience. Taking the two influencing factors into account, the selection criteria for intensive blocks should be reduced appropriately to increase the number of samples available as a training block form. But, this criteria should not be set too low to affect the distinction between intensive and non-intensive blocks. Therefore, in order to well balance the criteria and the number of training blocks, the selection threshold was reduced to consider blocks with a validity of greater than 0.9 in the data envelopment analysis as having reached the relative intensification level and thus suitable as training samples. This resulted in 97 training samples and 109 test samples, balancing the sample distribution (Fig. 7) . Akin to the process of data envelopment analysis described above, the data of training block samples (Tables 1) must also be validated by comparison to the real data. Investigation found that the blocks that were chosen as the training samples have undergone at least once previous urban renewal process. In addition, most of these training blocks have relatively better land development and form design than the other blocks, which could be used as the test samples. This meant that the data derived from use of these training blocks could represent the optimal level of land development for the Nanjing central area and could be used to optimise the use of the 109 non-intensive blocks.
2) INDEX PREDICTION BASED ON BAYESIAN STATISTICS
Due to the possibility of errors in deep learning, there is always some uncertainty associated with the calculation results. Accordingly, the model calculation was repeated 30 times for each index and the uncertainty of prediction results were comprehensively analysed based on Bayesian statistics, mainly focused on standard deviation data (Tables 2-7 ). The statistical analyses show that although some differences were found between the optimisation results, the standard deviation is smaller than the mean. This may demonstrate that the uncertainty of prediction results was generally distributed at reasonable intervals, suggesting that the predictions had good consistency and credibility. From this point, choosing an interval number as the final result is relatively rational and also allows the flexibility for the VOLUME 7, 2019 FIGURE 6. Distribution map of block samples based on data envelopment analysis. designer and expert to institute specific values based on more subjective factors, such as comfort, aesthetics, and building regulations. To determine the interval value of every optimised output indicator via deep learning, Bayesian statistics were applied to analyse the calculation results, and the 95% credible interval was taken as the final value (Tables 8-13 ).
E. DIFFERENCE CALCULATION
In addition to predicting the optimisation data for each nonintensive block index, the difference between the predicted value (the mean value of Bayesian statistics) and the original value was also calculated. The result of the difference calculation of six output indicators was input to ArcGIS and divided into several levels to identify non-intensive blocks with potential for development (Fig. 8) . Based on reclassify, we then asked for feedback from experts, to assign weights to the six output indicators for overlay analysis in ArcGIS to determine priority levels and method for urban block renewal, where the weights are 0.4, 0.15, 0.15, 0.1, 0.1 and 0.1 respectively from floor area ratio to population density. And thus provide recommendations to administrators responsible for urban redevelopment (Fig. 9 ).
F. GUIDELINE CHART
After the evaluations and calculations described above, the final stage of the work was to construct a chart of the details of every non-intensive block, for use in urban design guidelines (Table XIV) . This incorporates the initial and planning values of six output indicators and the VOLUME 7, 2019 suggested redevelopment method based on the overlay analysis above. This would supply much useful information and provide a vastly improved decision-making process compared to the previous processes, which were based on rough statistics and individual experience. Administrators would clearly understand from the chart the differences between current land-use and the future potential of optimal use. This would make the chart invaluable as a guidance document for effective communication with planners and developers to make sound, scientific land-use policy decisions. The chart will also be a powerful tool to help architects direct their design work to intensive block forms.
IV. DISCUSSION
Most previous studies on the intensive use of urban land have presented results of comprehensive evaluations from regional or city perspectives. Although some comprehensive evaluations may involve partial indexes at the block scale, the relevance of the evaluation indexes requires improvement because different studies have used different research perspectives and scales. The block is a clear and independent land use unit in the urban space system. It plays an essential role in land development to meet urban functional and spatial needs. The ultimate goal of evaluations of intensity is to fully leverage the development conditions provided by the city and maximise spatial efficiency. This study therefore used the perspective of land development to establish a block intensity evaluation index and performed a data envelopment analysis to study the input and output efficiency of block samples, thus evaluating the intensification of block forms.
For urban block renewal, there is an urgent need to evaluate block intensification to provide reference suggestions for the update and optimisation of block form. This study combined data envelopment analysis and deep learning, and used the intensive blocks obtained by the DEA analysis as training data samples to optimise the form indexes of nonintensive blocks through the construction of a deep learning model, which has the advantage of reducing the subjective factor interference generated during the artificial selection of training samples. In this study, the selection of Nanjing block samples did not fully use the data envelopment analysis results to limit the intensive blocks. In the development of block form design and management, designers do not necessarily use form index optimisation as the only selection criterion for the block form reference cases; they also consider aesthetics, spatial comfort and other subjective factors. To reflect this reality, the selection threshold was reduced from 1 to 0.9. Compared with related studies that have focused on optimising only one variable such as the floor area ratio [26] or height [27] , this study has concentrated on the urban block from the perspective of land-use management and planning and attempted to develop more indices to provide support for the intensive development of block morphology. Combining data envelopment analysis with deep learning into a single tool to reduce human intervention [21] has increased the objectivity of the research process. There is still room for improvement in the current research. In the selection of indexes, it is necessary to explore more abundant and comprehensive index factors to enrich and improve the descriptions of block forms. Additionally, although sustainable urban development encourages the development of mixed blocks, each block has a functional focus in the actual development process. How to better reflect VOLUME 7, 2019 this characteristic in the index calculation requires further study.
V. CONCLUSION
The intensive use of land in central urban areas is one important way to achieve sustainable urban development. As the block is the basic unit of urban form and land management, the control of block form development will be the key to achieving this goal. This study focuses on urban blocks and proposes an evaluation index system consisting of six output elements and five input elements from the perspective of spatial development. On this basis, 206 blocks with best development value in the urban centre of Nanjing, China were taken as a case study to perform an intensification estimation and evaluation using data envelopment analysis and thus obtain the intensity level of each block. Subsequently, based on the data envelopment analysis results, relatively intensive blocks were used as training samples for a deep learning model, and non-intensive blocks were used as test samples to optimise the form indexes of the non-intensive blocks. Moreover, the deep learning model also enables highly detailed and accurate results for indices.
In the process of research, it is not difficult to find that many urban blocks have the problem of insufficient intensification, which is in sharp contrast to an urbanisation mode that meets the needs of a city by constantly expanding new urban space. The combination of data envelopment analysis (DEA) and deep learning technology has redeveloped the decisionmaking process from the establishment of an evaluation index system to intensive evaluation, ultimately leading to optimisation. The final chart of guidelines of this study provides an objective and valuable auxiliary document for land management departments in the process of intensive renewal and future use of block land, which will make their decisions more scientifically sound. The index data in the guidelines will also highlight the development potential of each block to allow policy-makers to develop much clearer and detailed rules for developers and designers to achieve intensive redevelopment and refine management. As such, this the primary purpose of this study.
Because a city is a complex system, any decision-making concerning land-use must consider the influence of many related factors. Therefore, the exploration of urban spatial morphology and its mechanisms is still the key question for research on urban land-use decision-making and planning. The index system will be enriched and optimised in future studies, and elements of urban society theory may also be considered.
It must be acknowledged that increasing understanding, enabling more and more urban morphology elements to be expressed as data, thus making the land decision-making process more rational and comprehensible, can also make the process more complex. As the traditional artificial and quantitative methods would be ill-suited to deal with these complexities, new mathematical and analytical models, including big data, new statistical methods and artificial intelligence technology, will need to be applied to explore the laws of urban land development and supply even more rational and detailed guidelines to improve the methods of sustainable urban management.
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